Abstract
Introduction and motivation
The impact of digitization is particularly significant in retailing. In today's retailing world, more and more people shop online. This process can be quantified. In the US, for instance, e-commerce revenues more than quadrupled between 2004 and 2014, increasing from 72.7 to 298.6 billion dollars [1] . Most of this growth can be attributed to the cannibalization of other distribution channels, particularly traditional brick-andmortar retailing. This trend will continue for two main reasons:
1. In contrast to traditional stationary merchants, online retailers (known as e-tailers) do not face shelf space limitations. As a result, online businesses can offer an almost unlimited variety of products, which is becoming more important and valuable in a world in which customer needs are increasingly diverse.
2. Historically, two of the major advantages of brick-and-mortar retailing have been immediate product availability and the opportunity to provide customers with assistance from well-trained employees. However, because logistics service providers can now offer same-day services and information technologies can provide unprecedented customer relationship management capabilities, the previous selling advantages of traditional retailers have been eroded. E-tailing fundamentally influences retailers' business models. First, as mentioned above, distribution channels are changing. Moreover, customer relationships, core activities and cost structures are changing as a result of digitization. While e-tailing clearly offers numerous advantages, there is one major disadvantage: supply and demand are generally geographically separated. Therefore, consumers are unable to touch and try out products before purchase, which leads to higher consumer returns. Thus, returns management -as one of eight major supply chain management processes [2] -is a key activity in e-tailing. It is becoming increasingly important as more people shop online and are more likely to return their purchases.
From a business perspective, consumer returns are a major cost driver and represent a threat to profitability. Stock et al. (2006) estimate such expenditures at $ 30-35 per return [3] . Prior research has shown that returns rates may exceed 60 % for ecommerce fashion retailers [4] . However, it should be noted that e-tailers use different types of returns rates [5] . Asdecker (2015) distinguishes between the α-returns rate and the β-returns rate:
The α-returns rate is the number of returned shipments in relation to the total number of outbound shipments. In contrast, the β-returns rate is the number of returned items in relation to the number of shipped items.
These two key performance indicators may deviate substantially, as the following example illustrates. Imagine three shipments: the first one comprises three articles, of which two are returned; the second one, four articles, of which one is returned; and the third one, a single article that the customer keeps. In this example, the α-returns rate equals 2/3 = 66.7 percent, whereas the β-returns rate equals 3/8 = 37.5 percent.
From a logistical point of view, the α-returns rate is a valuable piece of information for predicting the number of parcels that must be handled. The β-returns
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Asdecker (2015) presents a circular model of the sales and returns process, which reveals a disproportionate relationship between the rate of returns and the associated costs [5] . For this reason, many e-tailers emphasize preventive returns management measures as a way of reducing the volume of products sent back. Stock (2009) notes that "[…] the best way of optimizing the product returns process is to not have returns at all […]" [6] .
Avoiding returns before they occur requires knowledge of the drivers affecting the returns rate. These drivers may also help retailers to forecast the volume of returned products, which is essential to planning an efficient physical return process. Toktay et al. (2004) indicate that: " […] there is little research on identifying factors that significantly influence return flow characteristics. Developing a good understanding […] would enable better decision making for influencing return flows" [7] . Although this call for research was issued more than a decade ago, little progress has been made on this topic.
We therefore address the following researchguiding question:
Which drivers influence the flow of returns in etailing and to what extent?
The nature of online shopping generates large amounts of data, which e-tailers could profitably analyze using sophisticated big data analytics. To address the research question above, we use actual order and returns data from an online apparel retailer. This approach distinguishes our study from other empirical work, which is usually based on survey methods.
The remainder of this article is structured as follows: the next section provides an overview of the relevant literature and develops the hypotheses to be tested. Then, we introduce the chosen methodology. Next, we present the findings of the empirical models. Finally, we offer a conclusion and an outlook for future research.
Selected literature review and development of hypotheses
Interest in the issues of consumer returns and returns management has grown over time, leading to an increase in publications on the subject [6] . This selective literature review focuses on conceptual/theoretical and empirical contributions, allowing us to deduce the hypotheses to be tested. E-tailers can manage their customers' expectations by providing detailed product information, highresolution product photography, videos, and/or balanced customer reviews. However, this addresses only part of the problem. There is also a psychological dimension to returns, which can be explained using the post-purchase dissonance (PPD) theory [8, 9] . Festinger (1957) describes cognitive dissonance as an uncomfortable state of mind that one experiences after choosing among a set of alternatives, each of which has both positive and negative attributes [10] . Cognitive dissonance theory implies that individuals try to maintain a consistent set of beliefs. Any deviation from this consistency causes psychological tension, such as anxiety or uncertainty. Inconsistency may originate from the positive attributes of the rejected alternatives or the negative attributes of the chosen alternative. The theory also holds that people attempt to alleviate these negative psychological states. Lee (2015) notes that "[…] consumers increasingly use product returns to cope with PPD over other actions identified in the literature" [8] . Thus, with regard to online shopping, PPD theory suggests that consumers tend to order more products to eliminate mental discomfort resulting from the rejection of alternatives and, hence, return more to reduce dissonant tension resulting from the chosen alternatives. We therefore assume that additionally ordered items have a positive effect on the returns rate.
H1.1: There is a positive relationship between the number of additional items and the α-/β-returns rate of an order.
The argument above is particularly true for socalled "multiple-item orders". In these cases, customers purchase multiple items in different styles, sizes, or colors because they are uncertain about which article will best meet their expectations. In the end, the majority of articles are sent back. This phenomenon has been anecdotally reported by several practitioneroriented outlets: "Paula Cuneo […] recently ordered 10 pairs of corduroy pants in varying sizes and colors […] , only to return seven of them. Ms. Cuneo is shopping online for Christmas gifts this year, ordering coats and shoes in a range of sizes and colors. She will let her four children choose the items they want-and return the rest" [11] . Therefore, we specifically hypothesize as follows:
H1.2a: There is a positive relationship between the number of multiple-items regarding size (i.e., same style and same color) and the α-/β-returns rate of an order.
H1.2b: There is a positive relationship between the number of multiple-items regarding color (i.e., same style and same size) and the α-/β-returns rate of an order.
H1.2c:
There is a positive relationship between the number of multiple-items regarding style (i.e., same color and same size) and the α-/β-returns rate of an order.
Utility theory suggests that consumers decide to order online when the associated utility exceeds the utility of not ordering [12] . Therefore, the utility of ordering is positively influenced by the customer's expectations of the product and negatively influenced by the attached uncertainty [13, 14] . To reduce the customer's perceived risk, many e-tailers offer liberal returns policies that can be considered as insurance against negative experiences [15, 16] . Actively advertising these liberal policies decreases a consumer's uncertainty, thus increasing his or her overall likelihood of placing an order [17, 18] . However, because customers have only imperfect information about a product's performance prior to receiving it, these liberal policies also lead to more products being returned when customer expectations are not met. According to Zeithaml et al. (1990) , a product's price can influence a customer's expectations [19] . Teboul (1991) notes that price determines the level of quality a customer demands [20] . In a recent interview, Mayuki Chou, founder of the Taiwanese fashion e-tailer W-style, notes that consumers have lower expectations of lower-priced items and develop a higher tolerance for disappointment [21] . Accordingly, Hess and Mayhew (1997) argue, "[…] that consumers will be less likely to accept a poor fit as the item becomes more expensive" [22] . They use data from an apparel marketer and find that price is significantly positively correlated with the returns rate. Therefore, we also hypothesize that higher prices lead to higher returns rates.
H2: There is a positive relationship between the mean item price and the α-/β-returns rate of an order.
From an information processing perspective, a customer's return decision is a mixed one. Lynch and Srull (1982) define a mixed decision as a choice in which some information is physically present, while some is retrieved from memory [23] . Consequently, consumers base their return decision on (1) the newly acquired information after delivery (e.g., testing product performance, other consumer opinions) and (2) the accessible and available information from the preorder phase. Bechwati and Siegal (2005) show that the number of positive cognitive responses elicited during the pre-order phase strongly determines the ability to defend against disconfirming information that can trigger returns. In other words, e-tailers that want to reduce returns should avoid measures that lead to their customers making careless and hurried order decisions. However, many firms engage in marketing that encourages the exact opposite behavior by targeting impulse buyers: "Marketers often announce special offers for limited periods of time […] . Our findings suggest that this approach results in high product returns because under these circumstances, customers have little opportunity to generate cognitive responses in favor of the chosen alternative […]" [24] . Bellenger et al. (1978) show that fashion items are frequently purchased on impulse [25] . Dawson and Kim (2009) identify coupons as an external impulse trigger on apparel websites [26] . Therefore, redeeming coupon codes while shopping for apparel on the internet will most likely increase the returns rate.
However, it should be noted that coupons also reduce prices, which lowers expectations and generates a higher tolerance against negative experiences [22] . Consequently, the negative price effect compensates for the positive impulse buying effect with an increasing relative coupon code value. We consequently hypothesize the following:
H3.1: The use of coupons codes has a positive effect on the α-/β-returns rate of an order.
H3.2: There is a negative relationship between the relative value of a coupon and the α-/β-returns rate of an order.
Another external impulse trigger is the offer of free gifts with purchase. Some e-tailers require customers to return any free gift received with a product, while others do not. Assuming that the gift must also be returned, the gift increases the value of the actual ordered product. If consumers may keep the gift, it takes on a psychological dimension. The idea of gifts is based on the concept of reciprocity [27] . It is part of social etiquette that we return not only favors but also gifts. In some cultures, the counter-gift must even exceed the value of the initial gift [28] . Therefore, accepting a gift leads to informal accountability, and the person who receives it is obliged to give back [29] . Thus, keeping the gift without buying something in return leads to psychological pressure, which increases return hassles for the consumer. Davis et al. (1998) show that consumers only choose to return if the purchase price minus transaction costs (e.g., restocking fees, any type of hassle) exceeds the remaining product value [30, 31] . Ceteris paribus, the first option increases the remaining product value, whereas the second option increases transaction costs because it introduces more hassle. Thus, we strongly believe that free gifts reduce the returns rate.
H4: Adding free gifts to an order has a negative effect on the α-/β-returns rate of an order.
Another factor that may enhance careless and hurried order decisions is the payment option. A recent Nielsen (2016) report shows that payment practices vary considerably around the world [32] . In North America, consumers prefer credit cards over digital payment systems (e.g., PayPal, Alipay) and storespecific gift cards. In India, cash on delivery is the most popular option, followed by debit cards and direct debit. In contrast, the majority (58 %) of German online shoppers, representing the largest e-commerce market in central Europe, prefer to pay by invoice [33] . In other words, customers receive a bill together with the ordered goods that generally needs to be settled within 14 days, which puts the merchant at risk of not receiving payment. While different regions have their preferred payment terms, we may distinguish between pre-delivery options (e.g., digital payment systems, credit cards, cash on delivery) and post-delivery alternatives (e.g., invoice). From the consumer's perspective, post-payment provides a seamless shopping experience that is both convenient and riskfree. However, several practitioners suggest that it potentially leads to a "[…] higher percentage of returned goods […]" [34] because uncertain, uninformed customers with a high likelihood to return prefer such risk-free payment options. We therefore believe that post-delivery payment options increase the returns rate.
H5: Post-delivery payment options such as invoicing have a positive effect on the α-/β-returns rate of an order.
E-tailers can prevent their customers from forming excessive product expectations and stimulate cognitive processes by providing detailed product descriptions, high-resolution images, videos, and/or balanced customer reviews to help facilitate thoughtful and deliberate order decisions. While these measures may avoid some returns, others are simply inevitable [4] . Each item carries a return probability that is unknown to a retailer prior to its listing. However, as products are sold, e-tailers learn about this inherent returns rate. Thus, we conclude that the aggregated item returns rate observed in the past positively influences the likelihood to return:
H6: There is a positive relationship between the ordered items' aggregated historical β-returns rate and the α-/β-returns rate of an order.
Finally, we consider general consumer behavior to be a factor. Some media outlets have reported on returnaholics or serial returners. These people have a tendency to abuse liberal policies. As a result, some merchants have changed their policies to prevent damage from this type of behavior [35] . Others have used technology to track down serial returners. An Associated Press report shows that retailers such as Home Depot, Victoria's Secret, Best Buy, and Nike create customer return profiles [36] . If a customer's return activity is too high or suggests a questionable pattern, he or she may be banned from future returns.
These approaches are built on the common-sense notion that past behavior predicts future behavior. In other words, returning becomes a habit. This phenomenon is well documented in psychology. Ouellette/Wood (1998) provide a meta-analytic synthesis and show that repeatedly performed tasks in stable contexts become habitual as conscious information processing becomes automatic. In unstable contexts, past behavior contributes to intentions, which guide future behavior. In the latter case, the effect is weaker but still observable [37] . Aarts et al. (1998) examine travel mode choices and come to similar conclusions: "[…] any type of repetitive behavior requires less and less mental effort and conscious attention, and may therefore eventually become habitual. Consequently, these behaviors may no longer be guided by deliberately formed intentions, but are accompanied by a rather limited process of decision making" [38] . The conditions surrounding a return decision may be a mixture of stable and unstable contexts, as the items to be evaluated change, while the process itself remains the same. We therefore hypothesize that past return behavior positively influences the returns rate:
H7: There is a positive relationship between the customer's historical β-returns rate and the α-/β-returns rate of an order.
Methodology
The hypotheses derived above are tested using comprehensive data from a German apparel e-tailer that operates exclusively online and specifically targets women. The company requested confidentiality concerning its name. On its website, the merchant employs several stimuli that increase the consumers' likelihood of placing an order, such as coupon codes, free gifts, and invoicing as a post-delivery payment option. The company offers free returns within 14 days after delivery with no questions asked [39] . The database contains sale and returns information over 18 months (from April 2014 to December 2015). During that time, the e-tailer served almost 300,000 customers who chose from approximately 3,300 articles and placed almost 650,000 orders. Net sales totaled 30.28 million Euro. The average shopping basket contained 3.15 items, of which 1.64 were returned. On average, the shipped merchandise was worth 108.95 Euro, and returns were valued at 62.49 Euro. In sum, the retailer shipped 2,049,853 items, of which 1,069,008 were returned. This corresponds to a β-returns rate of 52.15 %. Because the merchant has an order consolidation policy in place, it can be assumed that each order was delivered in one shipment. Cases in which orders must be split due to significantly different delivery times may be a problem in product categories other than apparel. In the fashion industry, goods are ordered at the beginning of a selling season and put on display until they are sold out. According to the data, 651,658 outbound shipments resulted in 412,584 returns. That is, the α-returns rate was 63.31 %. The dataset provided by the merchant contained the information documented in Table 1 .
In general, missing values were not an issue, except for the historic β-returns rate of new customers. In these cases, we inserted the average customer returns rate observed in the first quarter of 2014 (47.52 %), which is the period before the dataset starts. This procedure was applied by the merchant when calculating the variable "HistBetaItemsOrd" just in case recently listed articles with no historical data were part of that order.
We use regression models as our data analysis method because they are easy to interpret and are therefore most suitable for this contribution. Herein, the α-/β-returns rate of an order serves as the regressand. As the α-returns rate of an entire order can take only two values (0 % if the consumer keeps the entire order or 100 % if the consumer returns one or more items), we refer to a binary logistic regression, whereas traditional multivariate linear regression is used to explain the β-returns rate. Before performing the calculations using SPSS 23, the data were visualized to check for U-shaped or curvilinear relationships. We recognized a conspicuous relation between the regressand and the variables "HistBetaCust" and "HistBetaItemsOrd" but attribute this to the regressor's learning character; this leads to some distortion. 
Findings
We first estimate the linear regression model with the β-returns rate as the dependent variable. The independent variables include the total number of additionally ordered items (AddItems), the number of multiple-items concerning size (MultItemsSize), color (MultItemsColor) and style (MultItemsStyle), the average retail price (MeanPrice), the use of a coupon (Coupon), the relative coupon value (CouponValRel), the addition of a free gift (FreeGift), the payment method (PayByInvoice), the customer's historic β-returns rate (HistBetaCust), and the aggregated historic β-returns rate of all the items ordered (HistBetaItemsOrd). The predictors "PayByInvoice", "Coupon", and "FreeGift" are modeled as dummy variables. It should be noted that the p-values should not be misinterpreted in a way that smaller values indicate more relevant results [40] . In our model, even small effects become highly significant due to the large sample size. Instead, the reported standardized coefficients are more suitable to assess the relative importance of an effect.
In general, the model is significant (p=.000, F=14764.970, R=.447, R-squared=.200) and includes all exogenous variables mentioned above. Concerning the quality of the model, a large R-squared indicates a good fit. In this case, the employed independent variables explain 20.0 % of the response variable variance. This seems acceptable for a complex behavioral problem with many other dimensions (e.g., customer demographics, logistical performance) that are not part of this analysis [41] . Table 2 shows the results in detail.
The findings support most of the hypotheses, except for H1.1 and H1.2b. This is notable because it indicates that, in fashion retailing, ordering more does not automatically result in more items being returned. The effect is small (b(AddItems)=-.004, p=.000), but based on these findings, e-tailers trying to reduce returns may be ill-advised to limit the maximum number of items a customer can order, as stipulated by some e-commerce solutions [42] .
Even more striking is the fact that, if customers purchase the same items in different colors, their returns rate decreases (b(MultItemsColor)=-.012, p=.000). That is, the majority of customers are not ordering multiple colors due to uncertainty but for the sake of owning different variants of the product. Consequently, category managers should not shy away from increasing the number of color variants out of fear of higher returns. However, if consumers order a product in multiple sizes (b(MultItemsSize)=.141, p=.000) and styles (b(MultItemsStyle)=.026, p=.000), the likelihood of returns increases. The effect of size exceeds the effect of style. This observation supports some of the actions taken by the German fashion shoe retailer Mirapodo (www.mirapodo.de). If a customer orders an item in different sizes, a note is displayed at the beginning of the checkout procedure that says: "Do you really need multiple sizes? Please note: Any return generates costs and pollutes the environment." Price (b(MeanPrice)=.002, p=.000) is also a significant factor. The results indicate that the likelihood of returns increases with the mean price of the ordered items. This replicates the results of Hess and Mayhew (1997) , who perform their study using data from a fashion mail-order company [22] . Our study complements their findings in the sense that the observed price effect has entered into e-commerce. Consequently, e-tailers with a high-priced product range face higher costs of product returns. This reality should be considered when making listing and pricing decisions.
As hypothesized, the results suggest that coupons cause two opposing effects. In general, coupon codes trigger impulse buyers to order, leading to higher returns. The coefficient of the dummy variable (b(Coupon)=.012, p=.000) indicates that the β-returns rate of an order is 1.2 percentage points higher than it is when a coupon code is not redeemed during checkout. However, this effect is mitigated by the costs savings the coupon provides, which reduces the price to be paid (b(CouponValRel)=-.003, p=.000). In other words, as the relative value of a coupon increases, the likelihood of returning an ordered item decreases. Within the examined data, the negative price effect compensates for the positive impulse-buying effect if the relative value of the coupon exceeds 4 percent. While previous studies have addressed only the salespromoting effect of coupon codes [43] , our study is the first to include the impact on product returns. The findings suggest that rebate coupons are an appropriate marketing instrument when merchants are interested not only in boosting sales but also in avoiding returns. This may be particularly true at the end of selling seasons, when it becomes harder to resell potentially returned products. Other coupons with a low relative value, e.g., codes that only compensate for shipping costs, may increase the probability of orders, but the overall financial effect remains unclear. Because returns incur significant costs, e-tailers should weigh the pros and cons of such coupons thoroughly. 
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Another marketing measure is free gifts. We hypothesized that free gifts would increase the perceived order value or increase psychological hassle, both of which reduce the likelihood of returns. The regression coefficient of the dummy variable supports this point of view (b(FreeGift)=-.081, p=.000). The β-returns rates of orders accompanied by a gift were 8.1 percentage points lower than those without a freebie. If these results can be confirmed by other studies, etailers should look into providing small gifts with their deliveries, such as small product samples or small packages of candy, because they may not only help build a sustainable customer relationship but also reduce consumer returns.
Additionally, the influence of the payment option should not be underestimated. In this study, we specifically looked into the impact of invoicing as a post-delivery payment option. So far, invoicing is a German peculiarity, but emerging service providers such as Klarna are currently trying to make it available internationally. Such service providers attempt to eliminate this risk by paying the retailer immediately and taking over the debt collection for a percentage fee. Their main argument is that invoices notably decrease barriers to ordering and, thus, increase sales. The business news network CNBC calls Klarna one of the world's most disruptive companies and predicts that it will be highly successful [44] . However, postdelivery payment options seem to be a mixed blessing, according to the present study. Compared with the predelivery alternatives (b(PayByInvoice)=.100, p=.000), invoicing increases the β-returns rate by 10.0 percentage points. Therefore, before buying into the promising sales effects of invoicing, e-tailers should seriously evaluate the negative cost effects of invoicing that result from higher returns rates. Introducing invoicing should be considered only if the overall financial impact is positive. In addition, these results provide e-tailers that have introduced invoicing and that are trying to cut back on returns with a viable strategy: they might restrict the payment options available to those customers with histories of conspicuous or unethical returns behavior.
Finally, we examined the influence of item characteristics and past customer behavior, both of which are described by the order and return history. Our results suggest that the historical returns rate of the ordered articles (b(HistBetaItemsOrd)=.006, p=.000) and the historical customer returns rate (b(HistBetaCust)=.005, p=.000) positively influence the returns rate. In fact, the standardized coefficients (b'(HistBetaItemsOrd)=.258, b'(HistBetaCust)=.211) show that the historical return rates have the greatest relative effect on the dependent variable. These results lead to an important managerial implication. E-tailers should collect and use returns data to learn from the past. Items with returns rates so high that they may not be profitably distributed should be discontinued. Moreover, it can be beneficial to segment customers based on their past returns behavior and to close unprofitable accounts. Amazon is known for such measures. They justify their actions with the following explanation: "[…] a careful review of this account and related ones shows you've requested refunds and replacements on a majority of your orders for a variety of reasons. In the normal course of business, we expect there may be occasional problems. However, the rate at which such problems have occurred on your account is extraordinary, and it cannot continue. Your Amazon.com account has been closed, and you will no longer be able to shop in our store" [45] .
The multivariate linear regression was complemented by a binary logistic model to explain the factors influencing the α-returns rate as the regressand. To ensure comparability, the independent variables are consistent with those of the first model. Again, the model is significant (p=.000, Cox & Snell R-squared=.309, Nagelkerke's R-squared=.423) and includes all exogenous variables. Binary logistic regression models provide only pseudo R-squared statistics to evaluate the goodness of fit. According to Eßig/Glas (2015) Snell's R-squared and for Nagelkerke's R-squared are greater than .2, while good values start at .4 [46] . Thus, the model's fit is acceptable-to-good, depending on the measure applied. Table 3 presents the detailed results. The binary logistic regression strongly supports the findings of the linear regression analysis, with two exceptions. First, the sign of b(AddItems) changed to positive. This indicates that, while ordering more does not automatically result in more items being returned, it obviously leads to more return shipments that must be transported and handled. Second, the influence of b(FreeGift) is no longer significant (p=.208). That is, the psychological effects of free gifts are strong enough to reduce the number of items being returned but are insufficient to prevent additional return shipments.
In conclusion, it should be noted that the morethan-acceptable goodness of fit indicators show that using data analysis techniques not only may help in identifying influencing factors but also may be used to predict future return shipments, which helps the returns department with better capacity planning. This shows that data mining and big data analytics support better decision making and create value in returns management.
Summary and future research
Returns management -as an important component of supply chain management -is a key activity in an online retailer's business model. Prior research has shown that fashion e-tailers experience returns rates of up to 60 % [4] . While successful returns may stimulate customer satisfaction and retention, they also incur costs [5] . It is therefore essential to understand the drivers influencing the flow of returns. Only with these insights can consumer returns be effectively managed.
Prior empirical research in this area is usually based on survey data. This paper contributes to the literature by testing several hypotheses using real shop data from an apparel e-tailer. This type of study is rare because many merchants consider order and returns data as proprietary and are usually unwilling to share this information [6] .
The hypotheses were formulated based on several established theories -such as post-purchase dissonance theory -and anecdotal information. Methodologically, we used linear and logistic regression models to analyze the data at hand. The results supported most of the hypotheses. Table 4 provides a summary.
The findings enable better decision making by identifying several factors that significantly influence the returns rate. We distinguish between shopping basket-related (H1-H1.2c), sales/marketing-related (H2-H5), product-related (H6), and customer-related factors (H7).
Table 4. Summary of hypotheses test results

Hypothesis Results
H1.1
There is a positive relationship between the number of additional items and the α-/β-returns rate of an order. 
H6
There is a positive relationship between the ordered items' aggregated historical β-returns rate and the α-/β-returns rate of an order.
α: Supported β: Supported
H7
There is a positive relationship between the customer's historical α-/β-returns rate and the α-/β-returns rate of an order.
Our results indicate that the composition of the customer's shopping basket influences the returns rate. It should be noted that more ordered items do not necessarily lead to more returned items. Moreover, it is interesting to see that multiple-item orders regarding color have a negative effect on the returns rate. Consequently, product returns should not be an issue when deciding on additional color variations. In contrast, multiple-item orders in terms of size and style significantly increase the returns rate.
This article also investigates the effects of sales stimuli (such as coupon codes, free gifts, and payment methods) on product returns. We find that coupons increase the returns rate in general. However, this effect is reversed in conjunction with increasing relative coupon value. Moreover, free gifts may reduce the likelihood of returning an item. Nonetheless, this finding may not be applied to return shipments. It seems as if free gifts contribute to a customer's bad conscience if the entire order is supposed to be sent back. In other words, freebies increase the likelihood that a customer will keep at least one item. The data also indicate that allowing customers to pay after delivery influences the returns rate. It shows that adding invoicing to the existing slate of payment options is a double-edged sword. Decision makers have to carefully balance revenue against cost effects to ensure a positive financial outcome.
On the product and customer end, we find that it can be beneficial for e-tailers to perform big data analytics on their order and return histories because analyzing the past may help to predict future behavior. Such analyses may show that it is better to close customer accounts and discontinue products with extremely high returns rates, true to the motto that "better an end with pain, than pain without end".
The present study uses data from a single e-tailer. Although an extensive dataset with more than 650,000 orders over the course of 18 months was used, the generalizability of the presented findings is limited. Therefore, this publication should be complemented by additional future research. To gain a more accurate picture, we call for similar studies using data from etailers with different target groups (e.g., apparel for men or other age groups) or product groups (e.g., consumer electronics, books). There are also concerns regarding endogeneity [47] . While trying to provide strong theoretical arguments when deducing the hypotheses, it must be acknowledged that the secondary data provided did not allow for the development and testing of potential instrumental variables. We therefore call for complementary experimental research to establish causality.
Moreover, it would be interesting to compare gender-specific results. Other factors, such as age or location, could also be taken into account. An international comparison of identified factors would also be a valuable contribution to the literature. Furthermore, in the context of controversial same-day delivery and anticipatory shipping services [48] , returns rates need to be more closely investigated in terms of delivery modes and times.
